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Abstract

Thedocumenunderstandingroblemcanbeinformally definedasthe
automaticextraction of meaningfrom documents. In the Intelligent
Sensoryinformation Systemsgroup we have experimentedwith ana-
lyzing the visualappearancef documentsn orderto extractmeaning.
Thatis, we concentrateon how documentdook, ratherthan on what
they say We motivatethis approachwith severalapplicationfrom doc-
umentimageunderstanding.First, we describehow documentgenre
classificatiorcanbe usedto groupvisually similar documentsogether
which simplifiestheanalysigaskfor anentireclassof documentsSec-
ond,we considetthelogical blocklabelingproblem.We shov how log-
ical labels(e.qg.title, author headerfooter)canbeassignedo blocksof
text usinga few visualfeatures.Third, we discussour approacho de-
tectingthereadingorderof text usingthevisualstructureof adocument.
The examplesare basedon the work in thefield of content-basetn-
ageretrieval (CBIR). Content-basedmnageretrieval aimsat searching
and browsing imagerepositorieson the basisof a visual specification
of the query The querymay be oneor preferablymoreexamplesand
the presentatiommay be a linearlist of items,or prefarablya similarity
grouping. Our researchon colourrepresentationsf realworld objects
andcolourcompositionof document$iasshavn that CBIR techniques
canbe successfullyappliedin orderto simplify the documentunder
standingproblem.
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1 Introduction

“Beforeyoubecomedoo entrancedwith gorgeousgadgtsandmesmerizing
videodisplays)et meremindyouthatinformationis notknowledg, knowledg
is notwisdomandwisdomis notforesight.Each growsout of the other andwe
needthemall.”

Arthur C. Clarke (Reirventing 1995)

Therecanhardly be ary doubtthatwe arein the midst of an information revolution.
The “information age” that punditshave long proclaimedis here. With it, we areforced
to redefineour definition of, andinteractionwith, informationandhumanknowledge. The
adwent of the personalcomputer inexpensie massstoragedevices, and the World Wide
Web hasshiftedthe emphasidrom informationaccesdo effectiveaccesgo information.
Thereis awealthof informationavailable,but how canwe find whatwe need?

Not only hasthe quantity of informationexploded,but the variety aswell. Thetradi-
tional definition of “document”hasgrown to encompass broadclassof mediaincluding
text, hypertet, video,color picturesandsound.With this expansionrcomechallenginghew
problemsin informationaccess.Traditionalkeyword and subjectindexing fail to capture
much of the information presentin differenttypesof media. Cantraditional methodsof
indexing andretrieving informationbe modifiedto provide effective accesgo multimedia
information?

Interestingly eventhoughdigital informationacces$iasdramaticallyreshapeaur un-
derstandingf informationandinformationaccesspaperis still by andlarge the medium
in which we conductour public andpersonalives. While mary institutionshave success-
fully reducedheir relianceon paperbaseccommunicationthe “paperlesoffice” is yetto
befully realized.Much of the informationthat movesthrougha typical office workflow is
still paperbased Still moreinformationexistsonly in the paperarchivesof businesseand
governmentnstitutions.Informationtechnologyhasyieldedpowerful nev modesof inter
actionwith knowledge,but how canwe provide effective accesgo the volumesof legag/
informationthatdo not exist in digital form?

Thesechangedn thelandscap®f informationandinformationaccesslacelibrary sci-
entistsandIT professional$n a uniquepositionto shapethe future of informationaccess.
In this article we addresghesequestionsof effective information access.We begin our
discussiorwith anintroductionto the conceptemeging from thefield of contentbasedn-
formationretrieval, whichis concerneavith providing effective accesso pictorial archives.
We thenshav how theseideascanbe appliedto the documentunderstandingroblemby
characterizinglocumentsccordingto how they look beforetrying to extractmeaning.Fi-
nally, we look at severalconcreteapplicationsof theseideas.

2 Content Based Image Retrieval

Contentbasedmageretrieval is arelatively youngfield of study barelytenyearsold [4]. It
emepgedfrom threeformerly unrelateddisciplines:computervision, informationretrieval,
anddatabasesilts goalis to provide effective accesgo large imagedatabasefrom mary
differentdomains.Figurel illustratesa simplequerymodelfor animageretrieval system.
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Figure 1. Thecontentbasedmageretrieval querymodel. An exampleimageis provided
to the retrieval system,which matchest againsta large databasef archived images. A
(ranked)list of similarimagess returned.

In this sectionwe give a brief introductionto contentbasedmageretrieval, anddiscusghe
aspectdhatsetit apartfrom othertypesof informationretrieval.

2.1

Image Retrie val

Considerthe imageshawn in figure 2. Take a few minutesto try to describethe image.
Somepossibledescriptionsnight be:

It is a pictureof adesertandscape.

It is animageof a deseriandscapehaving sanddunes.
It is ascenepicturingatypical DeathValley landscape.
It is apictureof a CreosoteBush.

It is pictureof Larreatridentata

It is a sceneshawing a typical DeathValley landscapewhich is representate of
desertandscape the southwestermportion of the United States.Shovn aresand
dunesa CreosoteBush(Larreatridentatg, andthe clearbluesky of anautumnday

Thepointto this familiar exerciseis thatthereis somethingaboutanimagethatcannot
becapturedvith words. It mustbe seento communicatell of its qualities.Theretrieval of
visualinformationdiffersfrom otherinformationretrieval problemsn thatvisualresponse
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Figure 2: A desertandscap®f somesort.

is innatelyvisceral.lt is difficult, if notimpossibleto quantifyall of theinterestingaspects
of animage.

Images,unlike othertypesof information,are not always producedunderrigidly con-
trolled circumstancedmagingconditionsmay createunwantedartifactsin theimage,often
referredto anoisein theimageprocessingcommunity thatarenotrelatedto the contentof
theimage.In figure 3 the samebox of boerenca&mix is imagedunderdifferentconditions.
This figureillustratessomeimportantfactorsthataffect the digital representationf anim-
agedscene For ary scengherecanbeliterally millions of differentdataarraysthatcanbe
imaged.A directconsequencef thisis thefutility of comparingthe raw dataof imagesto
determinecontentsimilarity.

This examplemotivatesthe needfor invariancein contentoasedmageretrieval [3]:

Definition 1 Afeatue F' is invariant to condition A if, for objectz, F' produceghevalue
F(z) regardlessof the effectof condition A.

The conceptof invarianceexpresseur desirethat an algorithm performedon animage
shouldreturnidenticalresultsundervaryingimagingconditions. Several of theimagesin

figure 3 wereacquiredunderdifferentillumination conditions.In this casewe would desire
featuresthat are invariantto differencesin illumination. Someof the boxesin figure 3

are also occluded,and we would alsowant featuresthat are invariantto somedegreeto

occlusionsThereis animportanttradeof betweerinvarianceanddiscriminatie ability. We
could designan “algorithm” that classifiedevery imageas Boeencale Mix, which would
be completelyinvariantto all imaging conditionshbut lack any discriminative power for

differentiating,for example,betweenmagesof Boerencak Mix andsnapshot®f my cat
Mojo.
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Figure 3: Someof thefactorsaffectingimageacquisition.The objectin eachphotois the
sameut thedigital representatiomariesdrasticallydependingnillumination, occlusion,
orientation.etc.

2.2 The Semantic Gap

Whenwe look at the imagesin figure 3 we canimmediatelytell that the objectin each
imageis identical. Thehumancontentrecognition‘algorithm” is remarkablyrobust, which
bringsusto whatis in asensehecrux of the contentbasedmageretrieval problem:

Definition 2 Thesemanticgapis thelack of coincidencéetweertheinformationthatone
canextract fromthe (visual) dataand the interpretationthat the samedata hasfor a user
in a givensituation.

The semanticgap expresseshe inherentdifferencebetweenthe digital representation
of animageandthe interpretationthata userassociatesvith it. A usermay be interested
in retrieving interestingpicturesof deseriandscapedyut the computeronly “knows” that
it haspictureswith somebrown in them. Much of the researchn contentbasedimage
retrieval concentrate®n bridging the semanticgap using invariance— particularly color
invariance[3], anduserinteraction[6].

3 CBIR and Document Under standing

In this sectionwe describehow conceptsrom contentbasedimageretrieval may be ap-
pliedto thedocumenunderstandingroblem.Written communications highly structured,
andwe canleveragethis factin applyingtechniquesrom contentbasedimageretrieval.
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Figure 4: The moderndocumentlifecycle. A documentevolves throughthe authoring
andtypesettingphasesThe documen@nalysisandunderstandingrocessesicrementally
reconstructhe meaningof the document. The endresultis thenindexed into a document
retrieval system.

Imagesare generallyunconstraineéndhighly unstructuredwhile machineprinteddocu-
mentsutilize rhetorical,logical, andphysicalstructurein orderto effectively communicate
amessageWe look first at the generalproblemof documenimageunderstanding.

3.1 Document Understanding

Thetaskof acompletedocumenganalysissystemasshavn in figure4, is to take abinarized
scanof a paperdocumentandaccuratelyreconstructhe logical meaningof the document
for indexing in adocumentetrieval system.This processanbethoughtof astheinverseof
documentuthoringandis typically dividedinto two stagesdocumenimageanalysisand
documenimageunderstandingDocumentimageanalysisincludesscanningup to layout
componentdentification.Documenunderstandingncompasseall of the proceduresised
to transformlayout componentsietectedn the documentanalysisstageinto an accurate
representatioof the contentof thedocument.

In mostformsof written communicatiortherearespecificlogicalinformationelements
that are expectedto be present.For example,a businesdetteris expectedto have a date,
from—addressto—addressppening,body andclosing. Theselogical elementsare trans-
formedin the typesettingphaseinto physicallayout structuressuchas sectionheadings,
titles, and bibliographicreferences.Layout structuresusually conformto acceptedpro-
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tocols and standardghat allow a readerto accuratelyreconstructthe intendedmessage
(publicationssuchasWred magazinebeingnotableexceptions).

3.2 The Semantic Gap and Document Under standing

The highly structurednatureof machineprinteddocumentsaside thereis still a hugegap
betweenthe raw arrayof pixels acquiredby a documentscannemlndthe conceptuabloc-
umentthe authorhadin mind whenoriginally creatingit. Evenaccurateoptical character
recognitionis not sufficientin bridging the semantioqgapin documentunderstandinglt is
necessaryo associateneaningto theidentifiedelementof adocumenimage. Thisis the
primary focusof documenimageunderstandingandbelon we provide seseral examples
of how visualstructurecanbe usedto effectively bridgethe semantiaqap.

4 Case Studies

In this sectionwe discussseveral applicationsof the ideaspresentedbore. Out research
is primarily focusedon bridgingthe semantigapin documenunderstandingy analyzing
thevisualstructureof documents.

4.1 Document Genre Classification

Documenunderstandingg difficult dueto thewide diversityof possibledocumentypes,or
genres within thedomainof documenfprocessingystems Evenin therestricteddomain
of machineprinteddocumentsthereexistsa dauntingvariety of documentypes.

Definition 3 A documentgenre is a catayory of documentgharacterizedby similarity of
expressionstyle form, or content.

Figure4 illustrateshowv documentgenreincrementallyevolvesthroughthe document
creationprocessandis thenreconstructedhroughdocumentunderstanding We are pri-
marily interestedn thetheformandstylecomponentsf documengenre astheserepresent
thevisualaspect®f documentayout. More preciselywe areinterestedn determininghow
thevisualcomponentaffect the interpretatiorof a document.Figure5 illustratesthe doc-
umentgenreclassificatiorprocess.

Ourresearcthasshavn thatmary documentsypescanbedistinguishedrom visualap-
pearancealone[2]. Applicationsof suchgenreclassificatiortechniquesncludeautomatic
routing of documentsn office workflows, andthe improvementof logical informationex-
tractionfor specificdocumengenres Experimentdave shovn thatdocumengenrecanbe
correctlyidentifiedabout97% of thetime.

4.2 Segmentation of Comple x Color Layouts

Focushasbeenchangingin the documentanalysisresearcrcommunitytoward processing
of moreandmorecomple documentayouts. Until nov mostdocumentnalysishascen-
teredon relatively simple black andwhite documentswith simplelayout styles. Figure 6

illustratesthe changingcompleity of documentayoutconsiderations.
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Figure 5: Genreclassificatiorbasedn visualsimilarity. Ontheleft is anunsortedoile of
documentswhich arethengroupedaccordingto visual similarity. Many classeof docu-
mentsare distinguishedy their visual appearanceGenreclassificationduring the early
stageof documentimage analysiscan help to identify the typesof logical information
presentandnarrav therangeof processingtepsneededat higherlevels.

Ourresearchhasshavn thatcomple color documentganbe effectively segmentedoy
analyzingthethreedimensionaktolor structureof scannedlocumenimageq7].

4.3 Reading Order Detection

Accuratedeterminatiorof thereadingorderof detectedext regionsis anessentiacompo-
nentof documenunderstandingThe problembecomesgparticularlyacutewhenprocessing
comple layoutssuchasmagazinesandnewspapers.Figure7 illustratesthe ambiguity of
readingorder Oncetext regionshave beenidentified,theremaybe mary possiblereading
ordersfor the collectionof detectedectangles.

Fortunatelythereare mary acceptectorventionsfor readingorder andin mary cases
the correctorder may be determinedby looking at the relative positionsand sizesof the
detectedext blocks. Someambiguitiescannotbe resolhed using visual structurealone,
however, andit is necessaryo employ naturallanguagegprocessingo determinghecorrect
readingorder[1].

4.4 Logical Block Labeling

Figure8illustrategheinteractionof all of thedocumentinderstandingomponentsve have
discussedThelasttaskin the processs theassignmenof logical labels(e.qg.title, caption,
pagenumber)o eachof the detectedext regions. Many approacheto this problemrely on
accuratéDCR of thetext in eachregionin orderto assignalogical label.
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Figure 6: Theincreasinglemand®ndocumentnderstandingAs thecomplity of mod-
erndocumentayoutcontinuego increasesodo the demandsn documenunderstanding
systems.In the pastten yearsthe focus of much documentanalysisresearchtasshifted
toward processingnoreandmorecomple stylesof documents.

We have experimentedwith usinga small numberof visual featuresto discriminate
betweenogical classeg5]. Logical elementssuchastitle, caption,andpagenumbercan
berecognizedvith anaccurag of approximately91%.

5 Conclusions

Our researcthasshavn that conceptsandapproachefrom contentbasedmageretrieval
canaugmenixisting approacheto documenunderstandindpy bridging the semanticgap
betweenconceptualdocumentand a scanneddocumentimage. By pre—classifyingdoc-
umentsinto genresaccordingto visual appearancé is possibleto specializedocument
understandingpproacheto particulardocumentlassesThroughtheanalysisof thecolor
compositionof complex documentayoutswe have shavn thattext canbe correctlyidenti-
fiedandsegmentedn suchdocumentsBy combiningspatialandlinguisticinformationwe
have beenableto accuratelydeterminingthe readingorderof text in complex documents.
Lastly, by combiningthe aborve approachesve have shawvn that logical meaningcan be
extractedfrom documentdy usingvisualcharacteristics.

While our researcthasbeenconcentrate@n machineprinteddocumentsit shouldbe
notedthatthe techniquegiescribedabove canbe generalizedo electronicdocumentgi.e.
HTML, PDF, Word, etc.) aswell. Thisis likely to be anactive areaof researchn the near
future, as more and more documentsare being createdand publishedin electronicform
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Figure 7: Theambiguityof readingorder For a singledocumensementatiortheremay
bemary possiblereadingorders.The segmentationof adocumenbnly increaseshe level

of abstractionlnsteadof reasoningaboutsequencef unstructuredits, we cannow reason
abouta collection of semi—structuredectangles.The semanticgapis narraved, but not

completelybridged.
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Figure 8: The completedocumentunderstandingprocess. By combining visual, typo-

graphical,andcontent—basetbatureghe logical documentstructureis reconstructedThe
goalis to approximatehe conceptuatocumenthatthe authorhadin mind.
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